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There is a lack of precise and universally accepted approach in the quantification
of carbon sequestered in aboveground woody biomass using remotely sensed data.
Drafting of the Kyoto Protocol has made the subject of carbon sequestration more
important, making the development of accurate and cost-effective remote sensing models
a necessity. There has been much work done in estimating aboveground woody biomass
from spectral data using the traditional multiple linear regression analysis approach and
the Finnish k-nearest neighbor approach, but the accuracy of these methods to estimate
biomass has not been compared. The purpose of this study is to compare the ability of
these two methods in estimating above ground biomass (AGB) using spectral data
derived from Landsat ETM+ imagery.
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CHAPTER I
INTRODUCTION
1.1 Background
Forests play an important role in climate change, which is one of the global issues
of our time (Brown et al., 1993). Human activities such as deforestation, fossil fuel
burning, livestock farming, etc. have led to an increase in CO2 in the atmosphere. Current
estimates of annual carbon release to the atmosphere due to changes in tropical land use,
i.e. conversion from tropical forests to agriculture, industrial, and residential lands are
around 1.6 giga-tons (Schimel et al., 2001). Increase in emissions of green house gases
(GHG), such as CO2, enhances the green house effect and increases global warming.
The temperature of the atmosphere near the earth's surface is warmed through a
natural process called the greenhouse effect. The presence of GHG, such as water vapor,
carbon dioxide (CO2), and nitrous oxide (NO) in the atmosphere causes the absorption of
Sun’s incident electromagnetic (EM) energy in certain parts of the spectrum. The
atmosphere is nearly opaque to EM radiation in some parts of the mid-infrared (IR) and
all of the far-IR (long wavelength) regions (Jensen, 1996). The earth is a thermal black
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body radiator and since it is much cooler that the Sun, according to the Wein’s
displacement law, the earth radiates its thermal energy at longer wavelengths. The earth’s
radiation peaks in the long-wave, i.e. far-infrared region, at about 9.66 µm (Jensen,
1996). The atmosphere is a good absorber of long-wave infrared radiation. It effectively
allows visible and near-infrared radiation from Sun to easily get through, but the thermal
radiation from the earth’s surface cannot be easily transmitted which causes the warming
of the earth’s surface. As a consequence of worldwide concern over global warming, the
Kyoto protocol was drafted by the United Nations Framework Convention on Climate
Change (UNFCC) in 1997.
The objective of the Kyoto protocol is to reduce GHG concentrations in the
atmosphere to a level that would prevent dangerous anthropogenic interference with the
climate system (UNFCC-2). The goal is to reduce GHG in the atmosphere to 5% lower
than 1990 levels by the year 2012 (UNFCC-K). To expedite the process, this protocol
adds an economic value to the management of carbon by allowing nations to trade carbon
emissions. The countries that have ratified this protocol have agreed to limit CO2 and
other GHG emissions to the level described in the protocol. The countries which have
emissions below the set limit can sell these “extra amounts” (emission credits) to other
countries in the open market (UNFCC-E). The idea behind carbon emission trading is
that nations that can reduce their emissions at a low cost will do so and then sell their
credits to nations that are unable to reduce their emissions (UNFCC-E). Thus carbon
emission trading makes carbon an internationally exchangeable commodity and provides
a financial/economic incentive for achieving emission reductions (UNFCC-E). Therefore,
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with the drafting of this protocol, carbon sequestration has become a more important
issue.
Carbon sequestration is the capture and storage of carbon that would otherwise be
emitted in the atmosphere and enhance the greenhouse effect (Houghton, 1996).
Understanding the dynamics of the carbon cycle is crucial for the formulation of
measures to mitigate the impacts of CO2 in global climate change.
Terrestrial ecosystems play an important role in the carbon cycle by storing
substantial amounts of carbon in live biomass, decomposing organic matter and soil. As a
part of photosynthesis, trees absorb CO2 from the atmosphere and store it as carbon while
releasing oxygen to the atmosphere. Young trees grow rapidly and hence absorb a large
amount of CO2 as compared to the mature trees. Thus, forests act as carbon reservoirs by
storing carbon and as carbon sinks when their area or productivity is increased, resulting
in greater uptake of atmospheric CO2. Conversely, they act as a carbon source, emitting
GHG in the atmosphere, when biomass burns or decays (FAO, 2001). Relevant carbon
pools include above-ground biomass (AGB), below-ground biomass, woody debris and
soil carbon (Schimel et al., 2001).
AGB is the amount of living and dead organic matter in a terrestrial ecosystem
above the land surface. The carbon stock in a forest is determined in part by the total
amount of AGB. AGB is usually measured as the mass of vegetation over a unit area.
AGB is related to many components such as carbon cycles, soil nutrient allocations,
habitat environments and fuel accumulation in terrestrial ecosystems (Lu, 2005; Foody et
al., 1996). Plant biomass is estimated to be comprised of approximately 59% carbon
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(Foody et al., 1996). Hence AGB governs the potential carbon that could be emitted into
the atmosphere due to deforestation. Estimates of biomass are critical for carbon studies
to assess and to monitor carbon stock in a specific geographic area at multiple scales such
as plot level, regional or nationwide (Foody et al., 1996). An accurate estimate of the
biomass is required to determine the degree of anthropogenic and natural disturbances
that affect the amount of biomass over a given area.
Biomass is difficult to estimate in the forests because of the large spatial extent
and extensive field sampling that is required to characterize it at the regional and global
scales. Forest field inventories such as those conducted in the US Forest Service Forest
Inventory Analysis (FIA) program and remote sensing are the two methods used for
estimating biomass for large forests (Krankina et al., 2004). However, inventory data are
not available for all countries and regions and the quality of available data varies among
inventories (Dong et al., 2003). Utilizing a remote sensing approach can help overcome
these shortcomings by means of different spatial resolutions of the sensors, systematic
repetitive characteristics of satellites and environmental benignness of this method
(Tucker, 1979).
According to Jensen (1996) “Remote sensing is defined as the non-contact
recording of the information from the ultraviolet, visible, infrared and microwave regions
of the electromagnetic spectrum by means of instruments such as cameras, scanners,
lasers, linear arrays located on platforms such as aircraft or space craft, and the analysis
of acquired information by means of visual and digital image processing. Thus remote
sensing is unobtrusive as it records electromagnetic energy reflected from or emitted by
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object or phenomenon of interest. Most satellite systems operate in fixed orbits with fixed
optical systems that have constant instantaneous field of view (IFVO). The nominal
spatial resolution of sensor is defined as the dimension in feet or meters of the ground
IFVO (Jensen, 1996). For mapping biomass at a global level, coarse and medium spatial
resolution sensors such as AVHRR (e.g., Dong et al., 2003) and MODIS are useful but at
regional level data provided by higher resolution sensors such as LANDSAT (e.g.,
Tomppo et al., 2002., Roy and Ravan, 1996) Aster (e.g., Mukkonen et al., 2005) and
SPOT are used. The repetitive characteristics of the satellites can provide multi-date
imagery over a given area and can provide information on how the object or phenomenon
changes over time. Estimating AGB from remotely sensed data can therefore contribute
positively to the understanding of global warming by using the repetitive orbit
characteristics to detect changing land use patterns. Remote Sensing models that can
estimate AGB on large scales can benefit nations that rely on forest resources for the
purpose of trading carbon credits.
Regression analysis is a traditional approach used to estimate biomass using
remotely sensed data (e.g., Crow, 1977; Roy and Ravan, 1996; Foody et al., 2003;
Steininger, 2000; Zheng et al., 2004; Rahman et al., 2005). However, there is
inconsistency in the accuracy of results obtained over various habitats using this
approach. The k-nearest neighbor approach, a non-parametric method, is another method
used to estimate biomass from remotely sensed data. The national forest inventories of
Finland (e.g., Tomppo, 1991), New Zealand (e.g., Tomppo et al., 1999) have employed
and tested this technique and in the United States this technique has been tested by
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Franco-Lopez et al., (2001) and McRoberts et al., (2002) for improving the estimation of
forest variables in the context of the FIA monitoring system. The purpose of this study
was to employ both these methods over a given area and compare their accuracy in
estimating AGB.
1.2 Remote Sensing Principles Used for Biomass Estimation
At molecular level certain wavelengths of the electromagnetic spectrum are
absorbed and other wavelengths are reflected or transmitted. Each molecule absorbs or
reflects its own characteristic wavelengths of light. Healthy green leaves contain
chlorophyll pigment which absorbs radiant energy in the blue and red portions of the
electromagnetic spectrum for photosynthesis. There is a relatively lower absorption of
green wavelength light by a healthy leaf. As a result healthy green foliage appears green
in color. Red wavelengths are longer than blue and green wavelengths and less sensitive
to atmospheric effects such as scattering. Franklin and McDermid (1993) found that the
red band was highly correlated with tree level attributes such as diameter at breast height
(dbh), volume and mean tree height (r = -0.75, -0.64 and -0.70 respectively).
Plant leaves reflect 40 to 60 % of the incident Near-Infrared (NIR) radiation
incident upon them due to the internal scattering at the cell wall-air interfaces within the
leaf (Jensen, 1996). Healthy canopies reflect most of the incident NIR energy because of
leaf additive reflectance. Leaves reflect 40-60 % of the incident NIR and the remaining
40-50% is transmitted through the leaf and reflected by leaves below it. For canopies
with a sparse leaf layer the NIR reflectance is not as high because the NIR wavelengths
that are transmitted through the leaf layer are absorbed by the ground. Thus the NIR
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portion of the electromagnetic portion is responsive to the amount of foliar vegetation
(biomass) present in a given area ad peaks when number of leaf layers increases. Mallinis
et al. (2004) found that the NIR reflectance has the highest correlation with forest stand
parameters such as biomass, basal area, density etc compared to other Landsat thematic
mapper (TM) bands. Zeng et al., (2004) found that AGB for hardwood forests was
strongly correlated to NIR reflectance (r = 0.95).
1.2.1 Vegetation Indices
Studies have shown that vegetation indices, such as normalized difference
vegetation index (NDVI), are very informative with respect to forest growth and biomass
accumulation (e.g, Carlson and Ripley, 1996; Elvidge and Chen, 1995). Vegetation
indices are defined as dimensionless, radiometric measures that function as indicators of
relative abundance and activity of green vegetation (Jensen, 1996). These indices are
multi-spectral band ratios which are based upon wavelengths commonly related to
photosynthetic activity and therefore to forest growth and biomass accumulation.
Vegetation indices are used to enhance spectral differences between bands and to
normalize the effects of topography.
NDVI was developed by Rouse et al., (1974). NDVI is a measure of vegetation
vigor and density. NDVI is calculated from the red and NIR wavelengths of the
electromagnetic spectrum. The equation for NDVI is as follows

NDVI =

NIR − Re d
.
NIR + Re d

(1.1)
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Values for NDVI range from -1 to 1. Densely vegetated areas yield an NDVI
value close to 1 because of the high NIR reflectance and low red reflectance (Jensen,
1996). Sparsely vegetated areas have low NIR reflectance and low red reflectance and
hence have a NDVI value close to zero. Studies have shown that NDVI has high
correlation to above ground biomass (r= 0.83, r= 0.86) (Tucker, 1979; Zheng et al.,
2004). Estimates derived using NDVI however can be unstable and vary with soil color
and moisture, presence of dead material in the canopy, and atmospheric conditions
(Jensen, 1996).
1.2.2 Texture
Texture of an image refers to the characteristic placement and arrangement of
repetitions in the tone and color of an image (Jensen 1996). Quantitatively texture is a
property that relates to the nature of the variability of pixel values. A visually smooth
texture contains only slight changes in digital number (DN) values over an area while a
visually coarse texture contains many abrupt changes in DN values over an area
(Haralick, 1979). Texture measures have been demonstrated to be effective measures of
biomass (Lu, 2005). Even if the reflectance of different age trees is very similar, with the
use of high resolution images it is possible to distinguish different age forest stands based
on the texture of the stand. Texture provides measures of properties such as coarseness,
smoothness, and regularity. Smooth texture is associated with young forest stands while
coarse texture is associated with old forest stands.
The three principal approaches that describe texture of a region are structurally,
spectrally and statistically based. Structural techniques deal with the description of
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structure based on regularly spaced parallel lines. Spectral techniques are based on the
properties of Fourier spectrum and are primarily used to detect global periodicity in an
image (Gonzalez and Woods, 2002). Statistical approaches are simple and most
frequently used. Statistical approaches yield characterization of texture such as coarse,
smooth and grainy.
One general method for determining the statistical characteristics of a textured
region is the use of the region histogram. The first statistical moment of the gray level
histogram, i.e. mean, is the average gray level of each region. The second statistical
moment, i.e. variance, is a measure of gray level contrast and is used to establish
descriptors of relative smoothness (Gonzalez and Woods, 2002). Entropy, skewness and
uniformity are other statistical measures based on histograms. However, statistical
measures of texture calculated using only the image histogram however suffer from the
limitation that they carry no information about the shape, i.e. relative position of the
pixels with respect to each other. Hence the statistical measures of texture cannot
distinguish between the regular textures manifested by man-made objects from the
irregular manner that natural objects exhibit texture (Kiema, 2002). The gray level cooccurrence matrix (GLCM) is another statistical method for calculating texture measures
and incorporates both the spectral and spectral and spatial distribution of pixel values.
A GLCM is a square matrix which has dimensions equal to the number of gray
levels in the image and elements corresponding to the relative frequency of occurrence of
pairs of gray levels of pixels (in the image) separated by a certain distance in a given
direction (Gonzalez and Woods, 2002). In order to categorize the texture of the region
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over which the GLCM was calculated, various descriptors such as mean, variance,
contrast, uniformity, entropy, and inverse element difference moment are calculated.
The texture of any image is a function of the scale. The scale depends on the size
of region, i.e. the roving window over which the texture is calculated. A small window
size (scale) such as 3x3 often exaggerates the difference within moving windows, giving
the impression of intermediate to coarse texture. Conversely large window sizes (scale)
such as 31x31 cannot be used to effectively extract texture information due to smoothing
of the textural variation (Lu, 2005). Identifying suitable textures often involves the
determination of appropriate texture measures, moving window sizes, and image bands
(Lu and Bastilla, 2005).
Multiple regression models that combined both spectral and texture information
showed improved performance in estimation of biomass (Lu et al., 2002 and Lu, 2005).
Studies have shown that some texture measures such as mean and variance are more
effective in extracting AGB information from mature forests. Lu and Bastilla (2005)
explored relationships between Landsat TM GLCM image texture measures and AGB in
Rondonia and Brazil. They found that texture measures such as variance and contrast
associated with the infrared bands (band 5 and band 7) of Landsat ETM+ with window
sizes of 7x7 and 15x15 were significantly correlated with mature-forest biomass. Texture
measures of mean with a window size of 7x7 and variance with a window size of 15x15
and 19x19, calculated using NIR band have been shown to be significantly related to
biomass (Lu and Bastilla, 2005). Lu (2005) found that the variance texture measure with
a window of 9x9 calculated based on the green band of Landsat TM image was
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significantly correlated to biomass (R = 0.708). Lu et al., (2002) found that variance
2

texture measures with a window size of 15x15 calculated using NIR band and were
significantly correlated (R2 = 0.551) with AGB for successional and mature forests in the
Brazilian Amazon basin.
1.2.3 Band Transformations
Principal Components Analysis (PCA) is a spectral enhancement which is used to
compress the information content of a multi-spectral data set (Sabins, 1997). PCA uses
mathematical algorithms to transform n bands of data into n principal components which
are uncorrelated, such that the coordinate axes of the components are mutually
orthogonal. The first principal component (PC-1) describes most of the variation of the
brightness values for the pixels of the original bands (Jensen, 1996). Subsequent
components explain less variation present in the data, with the final PC usually
corresponding to atmospheric noise in the data rather than any ground features (Sabins,
1997). The main benefit of principal components analysis is that it can reduce the amount
of data (bands) without losing much of the information (Jensen., 1996, Eastman and Fulk,
1993). However, there is an important problem in using PCA; the resulting axes of the
transform are data dependant making it difficult to generalize the interpretation of PCA
axes to other datasets (Eastman and Fulk, 1993; Cohen et al., 2003). The first component
of the principal component transform has been shown to be strongly correlated with AGB
(Roy and Ravan, 1996; Steininger, 2000; Zheng et al., 2004).
Tasseled cap transformation is another type of spectral enhancement that uses a
set of linear combinations of the spectral bands of Landsat to identify the inherent data
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structure. Tassel cap transformation was developed by Kauth and Thomas in 1976. It is
an orthogonal transformation of the Landsat MSS data space to a new four dimensional
spectral space (Jensen, 1996).The four new axes are the soil brightness index, greenness
vegetation index, yellow stuff index and non such (Jensen, 1996). This transformation
was adapted to the Landsat TM data by Crist and Cicone (1986). The Landsat TM tassel
cap transformation is an adjustment of viewing perspective (rotation of the data space)
such that the concentrations of data within the total data volume are most readily
observed. Thus the tassel cap transformation enhances the spectral information content of
the Landsat TM data. The visible, NIR and mid-infrared coefficients, for transforming
Landsat TM to brightness greenness and wetness axes, were derived by Crist (1985). The
resulting bands are a weighted sum of all the Landsat TM bands (except the thermal
band). The first three bands of the output of the transformation are brightness, greenness
and wetness. The brightness band is a measure of overall reflectance. The greenness
band, a contrast between NIR and visible reflectance, is orthogonal to the brightness band
and is a measure of the amount and density of vegetation. The wetness band is a contrast
between mid-wave infrared and NIR reflectance, providing a measure of soil moisture
content, and vegetation density (Crist and Cicone, 1986).
Tassel cap brightness, greenness, and wetness indices have demonstrated utility
for mapping forest cover. One study, across a forested scene containing hardwood and
pine forests of varying ages, demonstrated that the first three components of tassel cap
transformation accounted for 85% of spectral variability contained in the Landsat TM
scene (Cohen et al., 1995). Studies have shown that the greenness and brightness
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components from tassel cap transform are most strongly correlated with AGB (Lu et al.,
2004; Roy and Ravan, 1996; Steininger, 2000; Zheng et al., 2004).
A variety of empirical methods have been used to estimate biomass from remotely
sensed data. Most commonly, regression models are used to relate biophysical variables
such as biomass obtained from field measurements with remotely sensed data.
1.3 Regression Analysis

Regression analysis is a mathematical method for modeling the relationship
among two or more variables. Different types of regression analyses include linear
regression, logistic regression, and Poisson regression. In AGB estimation research,
multiple linear regression analysis is the approach used most often (Roy and Ravan,
1996; Foody et al., 2003; Steininger, 2000; Zheng et al., 2004).
Multiple linear regression analysis is used to predict the value of one variable
given the value of other variables. “Linear” refers to the linear relationship between the
dependent and independent variables. Multiple linear regressions use the least squares
method to fit a line through the data. In the least squares method, the unknown
parameters are estimated by minimizing the sum of the squared deviations between the
data and the model prediction. The simple form of the multiple linear regression equation
is as follows

Y = β 0 + ( β1 X 1 ) + ( β 2 X 2 ) + ( β 3 X 3 ) + ...... + ( β n X n ) + ε
where :
Y

= dependent variable,

(1.2)
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X1, X2, X3

= independent variables,

β0

= intercept,

β1, β2, β3, βn

= slope parameters, and

ε

= random error term in the model.

Statistics such as R2, Adjusted R2 and Mallows Cp are generally used to determine
the best model. The R2 statistic is a measure of the total variation in the data set which is
explained by the model. However, the value of R2 always increases when independent
variables are added in the model regardless of the remaining degrees of freedom.
(Salvador and Pons, 1998; Draper and Smith, 1998). Adjusted R2 takes into account the
degrees of freedom and it adjusts for the fact that R2 increases as variables are added,
thereby ensuring that improvement in R2 due to adding the new term into the model has
some real significance and is not because the numbers of variables in the model have
reached a saturation point (Draper and Smith, 1998). Adjusted R2 will tend to increase
quickly at first and then more slowly as variables are added. Adjusted R2 is defined as

R2adj =

(n − 1)(1 − R 2 )
n− p

where:
n

=

number of observations,

p

= number of parameters in a fitted model, including β0, and

(1.3)
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2

R

= measure of the amount of variation about the mean explained by the

fitted equation

The Cp statistic was initially suggested by C.L.Mallows. This statistic has the
following form

Cp =

SSR
s − (n − 2 p)
2

(1.4)

where:
SSR

= residual sums of squares from a model,

p

=

number of parameters in the model,

n

=

number of observations, and

s2

= residual mean square from the largest postulated equation

Residual mean square is presumed to be a reliable unbiased estimate of the error
variance σ2 (Draper and Smith, 1998). When a model does not suffer from lack of fit (i.e.
the model is adequate) E (SSR) = (n-p) s2 and E ( SSR s 2 ) = n-p so that approximately

E (Cp) = p

(1.5)

Hence adequate models have a Cp value approximately equal to p. Random
variations can cause adequate models to have Cp < p. Models with a considerable lack of
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fit (biased) often have a Cp value greater than p (Draper and Smith, 1998). Thus
according to this statistic, while choosing a model, the model should have Cp <= p.
For a multiple regression to give reliable and unbiased results, certain conditions
need to be met. The assumptions of regression are that: there is no error in measurement
of the independent variables, the errors are normally distributed, errors are uncorrelated,
variance between the variables is constant and the expected value of the variables is zero.
(Draper and Smith, 1998).
Many studies have investigated the use of multiple linear regressions to predict
biomass from remotely sensed data. These studies have estimated biomass with varying
degrees of success. Zhen et al., (2004) obtained R2 values of 0.82 to predict biomass
across a landscape in northern Wisconsin. Foody et al., (2003) obtained R2 values of
0.30, 0.32 and 0.25 to predict biomass in tropical forests in Thailand, Brazil and
Malaysia. Thenkabail et al., (2004) reported R2 values of 0.16 and 0.13 for predicting dry
biomass weight in the Congo basin using IKONOS and Landsat ETM+ data. In a study
conducted by Steininger, (2000) R2of 0.75 and 0.30 were obtained for predicting biomass
in the tropical forests of Brazil and Bolivia respectively. Some studies have shown an
increase in R2 values when exponential transformation of spectral variables was used.
Ardo (1992) obtained R2 values of 0.55, 0.61, 0.5, 0.23, 0.62 and 0.55 for predicting
forest volume using natural logarithm of Landsat TM bands 1-5 and 7 respectively for
boreal forests of Sweden. Parametric methods are based on the statistical assumption that
the data are normally distributed (Jensen, 1996).

This assumption does not fit all
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applications and is difficult to implement in complex landscapes with classes of high
variance (Hansen et al., 1996).
1.4 k-Nearest Neighbor Method

The kNN method was first applied to forest inventory in Finland in the late 1980s
and it has been used operationally in the Finnish National Forest Inventory (NFI) since
1990. The k-nearest neighbor (kNN) is a non-parametric approach used to predict values
of point variables on the basis of similarity in a spectral space between the point and
other points with observed values (McRoberts et al., 2002). The kNN algorithm searches
the spectral space for k nearest pixels (neighbors), whose data vectors are known,
applying a distance measure (Katila and Tomppo, 2001). Spectral space is an ndimensional space where n is the number of spectral bands. In this space, for a certain
point, the coordinates along each axis denote the spectral measurement of this point for a
specific spectral band.
The distance measure d is calculated in spectral space from the pixel p under
consideration to each pixel pi for which the ground measurement is known. This distance
is calculated for all the nearest field plot pixels in feature space. The estimate of the
variable value for the pixel p is then expressed as a function of the k-nearest pixels, each
pixel weighted according to the distance function in feature space (Franco-Lopez et al.,
2000). Dudani (1976) proposed that training samples closest to the query sample should
be assigned weights which are greater than the ones assigned to more distant neighbors.
According to Macleod (1987), the weighting function plays an important role in the
accuracy of the kNN method. The kNN method presumes that the total variation of the
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forest variable is well represented by the field sample plots. Therefore, a large number of
observations are required for accurate estimation.
Several parameters affect the accuracy of this method and must be defined by the
analyst. These include the value of k, i.e. the number of nearest neighbors, distance
metrics, and image features. Franco-Lopez et al., (2000) and Nilsson, (1997) studied the
Mahalanobis and Euclidean distance metrics using kNN method. Franco-Lopez et al.,
(2000) suggested the use of Euclidean distance since the Mahalanobis distance did not
benefit the accuracy of estimation. In addition, the Euclidean distance metric produced
root mean square error (RMSE) results which were smaller that that of Mahalanobis
distance for different k values.
Several studies have been conducted for selecting the value of k (Nilsson., 1997;
Tomppo., 1996; Tokola et al., 1996; Trotter et al., 1996; Franco-Lopez et al., 2000;
McRoberts et al., 2001). Nilsson (1997) and Franco-Lopez et al., (2000) recommended
using 5-10 nearest neighbors as the decrease in root mean square was found to be small
when ten or more neighbors were used. Trotter et al., (1997) selected k=15 for predicting
wood volume on the basis of minimizing RMSE. However, according to McRoberts et
al., (2002), the resulting k value should not be extended for different applications or for
the same application with different datasets, even if the selection criterion of k is the
same. The kNN method has been used in the Finland National Forest Inventory (FIA)
since 1990 (Tomppo, 1990; Katila and Tomppo, 2001; Tomppo and Halme, 2004).
Franco-Lopez et al., (2001) and McRoberts et al., (2001) have successfully tested the
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kNN method to estimate forest variables such as stem density, volume, and biomass for
the USDA forest service’s FIA monitoring system.
1.5 Objective

The southern states of USA hold 40 percent of the nation’s timberland (USDA,
2005). The varied climate in southern USA and site conditions contribute to the region’s
large number of tree species. Of the 400 or so woody plant species in the South, pines are
the most important commercial tree species. However, there is lack of a precise and
universally accepted approach in the quantification of AGB in pine forests using remotely
sensed data. There has been much work done in estimating AGB using the traditional
regression analysis approach and the Finnish k-nearest neighbor approach, but the
accuracy of these methods to estimate biomass has not been compared. The purpose of
this study is to develop remote sensing based models using regression analysis and kNN
method and to compare their usefulness in estimating AGB in pine forests.
1.6 Hypothesis

H0: There is no difference between the accuracy of AGB estimates obtained from
regression analysis and the kNN approach.
H1: There is a difference in the accuracy of AGB estimates obtained from regressionanalysis and kNN approach.

CHAPTER II
METHODS
2.1 Study Area

The study area is located on the Weyerhaeuser company forest lands located in St.
Tammany Parish, LA. It is situated within and near a variety of habitats. The majority of
this site is forest and the habitats range from pine to bottomland hardwood forests. For
this study the area studied was the pine forests on Weyerhaeuser lands. The ground data
(from field plots) for the pine forests on the Weyerhaeuser lands was used for estimating
AGB using regression analysis and kNN technique. The study area, field plots, and its
location are shown in Figure 2-2.
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Figure 2-1 Study area, with field plots superimposed on the Landsat ETM+ 2003 image,
located on the Weyerhaeuser lands, St. Tammany Parish, LA (inset)
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2.2 Methodology

A flow chart outlining the basic processing steps of this study is shown in Figure
2-1

Year 2003 Landsat ETM+ Image

Image Preprocessing
Isolation of Forest Land
using NDVI

Classification and Extraction
of Pine forest

Calculation of Band transforms
Random division of
field plots into training
and validation data set
Extraction of pixel values at plot locations

AGB Estimation using k-NN
Technique

AGB Estimation using
Regression Analysis

Accuracy Assessment

Figure 2-2

Flow chart of basic processing steps to estimate AGB from spectral data
using multiple regression analysis and k-nearest neighbor technique

Satellite imagery contains multiple wavelengths (bands) and each band is used as
a carrier of biomass information and hence a potential independent variable. Band
transforms are also calculated and are potential independent variables. Biomass was
derived from field measurements and used to construct the dependent variable. For this
study the Landsat image was initially preprocessed to include just the pine forests. After
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preprocessing the “pine only” image was used to calculate bands and bad
transformations. The field plots were randomly divided into training plots, to estimate
biomass using multiple linear regression and kNN technique, and validation plots to
validate the accuracy of the models. Spectral values for the training plots were extracted
on a plot to pixel basis and used as independent variables to create biomass models from
multiple linear regression and kNN technique. Finally the accuracy of these models was
compared using root mean square error (RMSE), error matrix and kappa statistics.
2.3 Satellite Data

A Landsat Enhanced Thematic Mapper (ETM+) scene for March 2003 that
covered the study area was analyzed. Landsat ETM bands 2, 3, 4 and 5 were available for
analysis. The image was reprojected to Mississippi State Transverse Mercator projection
using geographic information systems (GIS) software. More than 900 field plots on the
study area collected by Weyerhaeuser personnel in the year 2004 (January-April) were
used as ground truth for building and validating the models. These plots were collected
for the pine forests on the Weyerhauser lands.
A spatial subset of the ETM+ image was created to include only the study area for
analysis. NDVI was computed for the ETM+ subset image to apply classification
methodologies designed to separate forest from non-forest pixels. Different NDVI
thresholds were visually compared to determine a threshold that could distinctly separate
pine forest pixels from the leafless hardwood forests and non-forest pixels. A NDVI
threshold of 0.3 was selected for discriminating forest and non-forest pixels as it included
all the forest pixels present in the image while omitting most of the non-forest pixels. A
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binary mask was created from the threshold image and multiplied with the original
Landsat ETM+ subset to mask out the non-forest pixels. The resulting image still
contained some non-forest pixels that were likely to be winter pasture. An unsupervised
classification was used to further differentiate pixels that were predominantly pine from
other non-forest pixels. The image was classified into 10 classes and then visually
compared with the original image to determine classes necessary to mask out the nonforest pixels. The final image contained just the pine pixels. A flowchart outlining the
basic classification step is shown in Figure 2-3
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NDVI threshold
of 0.3 to separate
forest from nonforest

Landsat
ETM+
Subset

P
NF

P

F

F
NF

F

Mask
Non-forest
pixels

Unsupervised
Classification to
separate pine from
other non-forests

P

P

Figure 2-3 Flowchart of the scheme used to separate and mask the non-forest pixels
from the forest pixels
2.4 Model Inputs

The “pine only” Landsat subset image was used to calculate independent
variables which were used to predict biomass. The independent variables included 4
spectral bands of the “pine only” Landsat subset, texture measure of the 4 spectral bands,
first two principal components, NDVI and the first 3 components of the tasseled cap
transformation.
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Studies have shown that variance texture measure with large window sixes (7x7,
15x15) have significant relationship with biomass (Lu, 2005., Lu and Bastilla 2005., Lu
et al., 2001). To calculate the texture measure a variance texture algorithm with a largest
window size of 7x7 windows was applied to all the bands in the subset image. A
principal component analysis (PCA) was performed on all the bands to construct the first
two components which highlight the greatest variability within the subset image. A tassel
cap transformation was computed for the subset image using coefficients implemented in
the Erdas Imagine software package.
2.5 Training and Validation Plots

The development of accurate models depends on the quality of the training data as
much as on the algorithm used for classification. The training data set must be
representative of the whole area to be classified. The minimum number of pixels (plots)
required for training data set is n + 1 where n is the number of spectral bands (variables);
however, in practice, a minimum of 10n samples are needed for improved statistical
representation (Lillesand and Kiefer., 1994). For this study 14 spectral variables were
used to estimate AGB. Hence approximately 140 samples were required for the training
data set.
968 samples (field plots) were collected for this study. The AGB values ranged
from 0.066 kg/ha to 8946.132 kg/ha with a mean value of 1568.38 kg/ha and standard
deviation of 1470.98 kg/ha. The area covered by every field plot was 0.05 acre. After the
initial classification of the Landsat image subset to pine pixels, 765 plots were correctly
classified. 18% of the field plots in each age class were used as training data set to train
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the model and the remaining 82% were used as test datasets to validate the model. Since
the distribution of plots by age class was normally distributed around the 20-25 year age
classes, stratified random sampling by age class was used to prevent under-sampling the
low and high age classes. In particular, since high and low biomass values are expected to
occur in the high and low age classes, proportionally sampling at the extreme ends of the
age class distribution avoids under sampling in the high and low biomass age classes. The
same training and validation/testing data were used for regression-based and kNN
techniques to enable comparison of the accuracy of each technique.
Many GIS systems enable extraction of raster values within a polygon or along a
line or under a point using a “zonal function”. Statistics that are generated using zonal
functions include mean, sum, standard deviation, minimum, maximum and range. The
zonal statistics function was used to extract spectral values (independent variables) for all
the field plots on a plot to pixel basis and calculate zonal statistics for all the independent
variables associated with each training field plot.
2.6 Multiple Linear Regression Analysis

Regression analyses were performed between the dependant variable (biomass
values from the field plots) and all the independent variables mentioned in the previous
section. Since biomass growth occurs in non-linear fashion, all the independent variables
were logarithmically transformed and also regressed against the dependant variable to
test for model-non-linearity. To investigate relationships and to assist in the selection of
variables for regression models, scatter plots of individual independent variables vs.
biomass were examined.
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The “Best Subset” regression algorithm was used to find the best model for all
possible combinations of independent variables. “Best subset” regression provides a
listing of best equations with one, two, three (and so on) predictor variables (Draper and
Smith, 1998). “Best” is interpreted via maximum R2 value, or maximum adjusted R2
value or the Mallows Cp statistic. For this study both adjusted R2 and Mallows Cp were
used to choose the best model.
All possible regressions were performed using SAS version 9.1. The F-statistic
was used to check the significance of each explanatory variable in the model. The basic
assumptions of linear regressions for the selected model were checked using residual
plots and normal probability plots. After the best model was chosen, a continuous map of
biomass was generated and the accuracy determined using the validation plots.
Estimation is different from parsimonious model building and eliminating multico-linearity. If variables are easy to obtain, then an over-parameterized model may yield
the most accurate biomass estimates when validated with ground truth data. Hence for
this study, variables were not omitted in spite of high correlation among the independent
variables if they significantly improved map accuracy.
It is important to produce a map since the purpose of this study is to characterize
biomass across the landscape. This characterization implies that the map is more
important than statistical significance and problems of multi-colinearity. Once the
optimum model was chosen using the “Best Subset” regression, a continuous map of
biomass was generated.
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2.7 kNN Algorithm

A kNN program, developed by Kevin Nimifero at the North Central Forest
Inventory Unit (NCFIA) in conjunction with the University of Minnesota, was used to
estimate biomass. A Euclidean distance metric was used to locate the nearest neighbors.
The value of biomass for an unknown pixel was calculated using a weighted average of
the nearest neighbors (pixels) for which the ground data was available. The formula used
is as follows

k
m( x) = ∑ wi mi
i =1

(2.1)

where:
m(x)

= value of AGB at pixel x,

mi

= value of AGB for the ith neighbor, and

wi

= weight of the ith neighbor.

A distance weighted rule was used to weight the neighbors. Nearest neighbors
were assigned higher weights, and the weights decreased as the distance from the pixel
under consideration and the neighbors increased. The distance formula used is

 1 


d i2 
wi = 

where:

 1 


∑
d i2 
i =1 
k

(2.2)
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d

th

= distance of the i neighbor from pixel x.

According to McRoberts et al., (2002) the objective criteria for selecting k should
be chosen, implemented and reported. In this study, the objective criterion for k selection
was the k-value which minimizes the root mean square error (RMSE). This process was
repeated for different k values for the given training dataset to select a k value which had
the lowest RMSE value.
2.8 Accuracy Assessment

After obtaining an estimate of biomass using regression analysis and kNN
approaches, the previously mentioned validation set was used to evaluate the results. The
validation data set was used to calculate the RMSE and the overall prediction accuracy of
the biomass maps generated from both methods.
RMSE measures how well a model predicts the biomass value of a given
observation and is a measure of the overall prediction accuracy of a model. RMSE is
calculated by

RMSE =

n

∑ (y
i =1

i

2
− yˆ i ) n

where:
yi

= ground truth for the ith plot,

ŷ i

= predicted value and,

n

= the total number of validation plots.

(2.3)
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Estimated biomass values were extracted from the biomass maps generated using
kNN and regression techniques and compared to the ground truth values, from the
validation plots, using RMSE. Besides the use of RMSE, discrete multivariate techniques
such as error/confusion matrix and Kappa statistics were used to assess map accuracy.
To evaluate the prediction accuracy of the derived models over the sampled
biomass distribution an error matrix was calculated. The error matrix is a symmetrical
matrix in which the rows represent the biomass predictions for the validation plots
generated from the remotely sensed data and the columns represent the reference data
from field plots. The error matrix provides an estimate of overall map prediction
accuracy along with the prediction accuracies of individual classes. It also enables the
calculation of the producers and users accuracy. Producer’s accuracy is a measure of
omission error and indicates the probability of reference pixel being correctly predicted.
User’s accuracy is a measure of commission error and indicates the probability that a
pixel predicted into a given category actually represents that category on the ground.
The kappa coefficient is also a measure of map accuracy. Overall accuracy tends
to overestimate the class prediction accuracy by using only the diagonal elements which
excludes the commission and omission errors. The kappa coefficient takes into account
the proportion of agreement between data sets that is due to chance alone and makes
some compensation for chance agreement by incorporating off diagonal elements.
(Congalton, 1991, Foody, 2004). Generally values of kappa greater than 0.70 indicate
strong agreement beyond chance and values below 0.70 indicate poor agreement.
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The biomass error matrix consisted of three arbitrarily specified 1200 kg/ha
biomass classes. The continuous biomass estimates obtained from both the methods were
recoded to 3 biomass (Kg/ha) classes. The accuracies were calculated using the
validation plots. User’s, producer’s accuracy, and kappa statistics were obtained using
accuracy assessment tools in ERDAS Imagine 8.7
.

CHAPTER III
RESULTS
3.1 Spectral Relationship with Biomass

Initially, a correlation analysis was performed to determine whether a linear
relationship exists between spectral values and biomass. Pearson correlation coefficient
and scatter plots of biomass vs. independent variables showed that there was a weak
linear relationship between biomass and all the spectrally derived variables. For all the
independent variables the correlation coefficient was significant at an alpha level of 0.05.
The values of Pearson’s correlation coefficient are shown in Table 3-1. The Near-IR band
had the highest value of -0.22739 (p= 0.0078). The Greenness band derived from tassel
cap transformation had the lowest value of 0.00642 and was found significant at an alpha
level of 0.05 (p = 0.02409). The scatter plots (Appendix I) showed no clear pattern in the
relationship between any of the spectrally derived variables and biomass.
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Table 3-1 Pearson’s correlation coefficients for biomass and spectrally derived variables
Variables

Coefficient of Correlation

Green band of Landsat ETM+ (r1)

-0.1880

Red band of Landsat ETM+ (r2)

-0.0181

Near- IR band of Landsat ETM+ (r3)

-0.2273

Mid-IR band of Landsat ETM+ (r4)

-0.0689

First Principal Component1 (p1)

-0.1088

Second Principal Component (p2)

-0.1761

NDVI (n)

0.0886

Texture of Green Band (t1)

-0.0838

Texture of Red Band (t2)

-0.0758

Texture of Near I-R Band (t3)

-0.0623

Texture of Mid I-R Band (t3)

-0.0952

Brightness band (b)

-0.1445

Greenness Band (g)

-0.0064

Wetness Band (w)

-0.1748

Pearson correlation coefficient and scatter plots (Appendix I) of biomass vs.
logarithmically transformed independent variables also showed a weak relationship
between biomass and logarithmically transformed spectral variables. The values of
Pearson’s correlation coefficient are shown in Table 3-2.
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Table 3-2 Pearson’s correlation coefficient for biomass and logarithmically transformed
spectrally derived variables
Logarithmically Transformed Variables

Coefficient of Correlation

Green band of Landsat ETM+

-0.1884

Red band of Landsat ETM+

-0.0172

Near- IR band of Landsat ETM+

-0.2240

Mid-IR band of Landsat ETM+

-0.0075

First Principal Component (p1)

-0.1080

NDVI (n)

0.0140

Texture of Green Band (t1)

-0.0192

Texture of Red Band

-0.0317

(t2)

Texture of Near I-R Band (t3)

-0.0115

Texture of Mid I-R Band (t3)

-0.0369

Brightness band (b)

-0.14309

Greenness Band (g)

-0.00367

Wetness Band (w)

-0.17665

3.2 Biomass Estimation using Regression Analysis

Since the untransformed and transformed independent variables both showed
weak relationships with biomass, estimates for biomass were calculated using the
untransformed as well as the transformed variables.
3.2.1. Biomass estimation using untransformed independent variables
Using best subset regression the model containing variables mid-IR band (r4),
texture of green band (t1), texture of red band (r2), texture of near-IR band (t3) and
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NDVI (n) was found to be acceptable (Table 3-3). The model (p = 0.0017) and all the
variables in the model were significant at an alpha level of 0.05.

Table 3-3 Model results from multiple linear regression of un-transformed spectrally
derived independent variables, Mid-IR band of Landsat ETM, NDVI and
texture measures of the green, red and NIR bands of Landsat ETM+, and
AGB
Number of
Variables

R2

Adjusted R2

Cp

RMSE

Variables in
the Model

5

0.1364

0.1032

3.6659

1389.2

r4 n t1 t2 t3

The final equation of the model is as follows

AGB = 9553.5- (153.3 * r4) – (62.313 *t1) + (56.251 *t2)
+ (7.472 *t3) – (8515.9 *n)

(3-1)

The residual plots (Fig.3.1.a) show that some suspected outliers are present in the
dataset. Outliers show up in the residual plot as unusually high values, the outliers in this
dataset are circled in Figure 3-1.a. Apart from the outliers the residuals were centered
with respect to the reference line indicating that the random errors in the model have a
mean of zero. The residuals do not have equal spread, i.e. the range of residuals was not
constant across the levels of the predictor variable, biomass. This indicates that the
standard deviation/ variance of random errors are not same for the responses observed at
biomass values in the range of 1200-2500 kg/ha. From the normal probability plot
(Figure 3-1.b) it can be seen that there was a significant curvature in the residuals at the
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upper and lower end of the line which indicates that the random errors did not follow a
normal distribution.
Logarithmic transformation of biomass was regressed on the independent
(untransformed) variables to overcome the problem of non-normality and non-constant
variance in the errors. There was not much improvement in R2 from the resulting model.
The resulting model met the assumptions of invariance in the errors but did not meet the
assumption of normality.

(a)

(b)

Figure 3-1 (a) Residual and (b) normal probability plots for AGB model developed
using untransformed spectrally derived variables
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3.2.2 Biomass estimation using logarithmically transformed independent variables
From all the logarithmically transformed spectral variables, a model was
constructed using variables, r2, n, b, and w, that had a Cp value less than 4 (number of
variables in the model) and higher Adjusted R2. The values of Adjusted R2, Cp, RMSE,
R2 and the variables used in the model are shown in Table 3-4. The model (p = 0.014)
and all the variables were significant at an alpha level of 0.05.

Table 3-4 Model results from multiple linear regression of logarithmically transformed
spectrally derived independent variables, NDVI, red band of Landsat ETM+,
brightness and wetness component, and AGB
Number of
Variables

R2

Adjusted R2

Cp

RMSE

Variables in
the Model

4

0.0872

0.0594

1.1821

1422.7

r2 n b w

The equation of the model is as follows

AGB = 62241 + (328121 * r2) + (2842181 * n) – (35369 * b) – (2941.51 *c)

(3-2)

The residual plot (Fig.3-2.a) showed that some outliers (circled in the figure) were
present in the dataset. Apart from the outliers the residuals were centered with respect to
the reference line, which indicates that the random errors had a mean of zero. The
residuals had a lot of spread at the end of the plot indicating that the random errors did
not have a constant variance. The normal probability plot (Fig 3-2.b) showed that the
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residuals in the upper and lower part of the line showed considerable departures from the
straight line. This indicates that the random errors did not follow a normal distribution.
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(a)

(b)

Figure 3-2 (a) Residual and (b) normal probability plots for AGB model developed
using logarithmically transformed spectrally derived variables
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Both the transformed and untransformed models derived using multiple linear
regressions had low R2 values and did not meet the basic assumptions of linear regression
analysis. The model which was developed using untransformed independent variables
had a higher R2 than that of the model developed using logarithmically transformed
independent variables. The accuracy of the map produced using the untransformed
variable model was determined using the validation plots. The model had a RMSE of
1953 Kg/ha. The overall classification accuracy of this model was 38.16 % with a Kappa
statistic of 0.0541. Since overall accuracies were poor and the least squares assumptions
were violated, the kNN method was tested for mapping accuracy before choosing a final
biomass map.
3.3 Biomass Estimation using kNN

Estimates of biomass were calculated for different values of k and all spectrally
derived variables in an attempt to obtain higher classification accuracies. The k values
ranged from 1 to 20. The validation data set was used to calculate RMSE for kNN
method. The errors in kNN estimation for biomass using Euclidean distance and all
spectral bands are depicted in Figure 3-3.
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Figure 3-3 Root mean square error in estimating AGB from spectral data for different k
values using kNN technique
There was a rapid early gain in the overall accuracy with the addition of
neighbors. There was a significant drop in the RMSE values when the neighbors were
increased from 1 to 4. After the number of neighbors reached 4 there was a marginal
increase in the accuracy. The RMSE value stabilized between k=12 to k=18. K=16 had
the lowest RMSE value. This result agrees with findings of several other authors who
reported a stability point between k=10 and k = 15 (Tokola et al., 1996; Nilsson 1997).
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Figure 3-4 (a) Prediction accuracy and (b) Kappa Statistic for three 1200 kg/ha AGB
classes using kNN technique for different values of k
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Although increasing k significantly reduced the overall RMSE, it also led to a
large reduction in the overall prediction accuracy. Overall prediction accuracies for the k
values are shown in Figure 3-4. K=1 had the highest classification accuracy and the
accuracy decreased with subsequent increase in k values. Value of k=1 had the highest
kappa statistic of 0.12.

Table 3-5 Error matrix for three 1200kg/ha AGB classes developed using kNN method
for k=1 and k=16
(a) Biomass estimation (k=1)
Reference data
(biomass class, kg/ha)
Confusion Matrix
Classified

0-1200

0-1200
>1200-2400
>2400

279
48
6

Producer’s Accuracy

83.78%

>1200-2400
127
27
7
16.77 %

>2400

User’s Accuracy

98
27
10

55.357 %
26.471 %
43.478 %

74.1 %

(b) Biomass estimation (k=16)
Reference data
(biomass class, kg/ha)
Confusion Matrix
Classified

0-1200
>1200-2400
>2400

Producer’s Accuracy

0-1200

>1200-2400

60
273
0

19
142
0

18.02 %

88.20 %

>2400

User’s Accuracy

18
117
0
----

61.856 %
26.692 %
---------
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Table 3-5 shows the error matrix of three biomass classes for k=1, which had the
highest RMSE and classification accuracy, and for k=16, which had the lowest RMSE
and lower classification accuracy. There is a significant decrease in the producer’s
accuracy for the two extreme classes (0-1200 and >2400 Kg/ha.) as k increases from 1 to
16. As k increased the producer’s and user’s accuracy of the largest class (>2400 Kg/ha.)
started decreasing and when k increased to 10, no pixels were classified in this class.
The kNN methodology resulted in lower RMSE values and higher overall
prediction accuracies than those obtained from the model developed using multiple linear
regression. Hence, the biomass maps developed from kNN methodology are shown. The
biomass map were developed using both k=1 and l=16. These maps are shown in Figure
3-5 and 3-6 respectively.
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Figure 3-5 Thematic map of AGB, for three 1200 kg/ha AGB classes, developed using
kNN technique for k = 1
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Figure 3-6 Thematic map of AGB, for three 1200 kg/ha AGB classes, developed using
kNN technique for k = 16
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The map developed using k=1 retained nearly all the variation present in the
training dataset. The map developed using k=16 had more accurate (lower RMSE)
estimates of biomass but could not predict values in the high and low ends of the sampled
biomass distribution.

CHAPTER IV
DISCUSSION
The objective of this study was to compare the accuracy of models developed
using regression analysis and k-nearest neighbor methodology in order to predict AGB.
To accomplish this objective it was necessary to show that spectral measurements
obtained from Landsat could be used to estimate AGB of pine forests. There has been an
inconsistency in the results from various studies which have used spectral measurements
for estimating biomass. Some studies have shown that there is a strong linear relationship
between biomass and spectral data (e.g. Lu et al., 2002, Zheng et al., 2004, Dong et al.,
2002) while some other studies have shown converse results (e.g. Foody et al., 2001,
Salvador and Pons, 1998, Malinis et al., 2003). It was necessary to investigate the nature
of the relationship between the spectral and biomass data used for this study. The results
demonstrated that there was a weak linear relationship between spectral bands of Landsat
ETM+, ETM+ band transformations, and ETM+ band ratios with biomass
The correlations between reflectance in Landsat spectral bands, band
transformations, band ratios, and biomass were significant, although very weak. Near-IR
band had the strongest linear relationship with biomass (r = -0.22739, p = 0.0078).
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Normally, there is an inverse relationship between visible and mid-infrared
spectrum of the electromagnetic spectrum and a positive relationship between NIR
spectrum and biomass. However, studies have shown that the positive relationship does
not always exist and can be inverse or flat, depending on canopy structure (Danson and
Curran, 1993). Stands with big trees have more internal shadows and thus lower NIR.
This could explain the negative relationship between NIR and biomass. According to the
eigenvector estimates, the second principal component was formed mainly from the
Near-IR band and when compared to the first principal component had a higher
correlation with biomass. The second principal component, first three components of
tassel cap transformation and NDVI also had a weak linear relationship with biomass.
For this study few plots were available for the young and older pine stands
compared to the middle-aged stands. Stand management practices such as thinning are
carried out in the middle aged stands for which most of the field plots were available.
This could be the reason why the spectral signal had a weak relationship with biomass
when all age stands were incorporated. These weak relationships could also be because of
the temporal difference between the time the Landsat image was taken, March 2003, and
the field plots were collected, January-April 2004.
Studies have shown that most passive sensors are sensitive to changes in
relatively young forest stands, but in older stands the signal becomes less sensitive to
change in AGB (Drake et al., 2002) making logarithmic transform necessary. The field
plots available for this study area had very few plots above the age of 25 years and hence
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fewer plots available in the training dataset. This may explain why the logarithmic
transformations of the spectral variables yielded a weak linear relationship with AGB.
The scatter plots of the untransformed and transformed spectral variables vs.
biomass indicated that there was no relationship between the spectral variables and
biomass. This absence of clear pattern in the scatter plots usually suggests the use of a
non-parametric method to allow the estimate of the dependant variable to adapt to the
features of the independent data set.
The models developed by regressing biomass with spectrally derived variables
were significant at an alpha value of 0.05 but the variation in biomass explained by them
was very low. The model developed using untransformed spectrally derived variables had
a higher R2 (0.1032) value than the model developed using logarithmically transformed
spectrally derived variables (R2 = 0.0594). The RMSE values of the untransformed model
were significantly higher that those of the logarithmically transformed model.
The use of band transformations increased the R2 of the model. However, the
inclusion of band ratios and transforms introduced multi co-linearity problems into the
models due to high correlations between the original spectral bands and the bands derived
from the original bands which further affected the regression coefficients and their
statistical significance tests. The models also did not meet the least square assumptions of
constant variance and normality.
These observations led to the conclusion that the equations derived from multiple
linear regression methodology were not applicable for estimating biomass for this study
site. The poor performance of these models might be attributed to a variety of reasons.
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The independent variables used did not have a strong relationship with biomass and the
data set used for building the models did not have enough observations for the younger
an older pine forest stands in the study area. This could have contributed to the poor
predictive models of biomass for this study site. Errors in the measurements of
reflectance and biomass could also contribute to the poor performance.
The kNN is a non-parametric method in which the data does not have to follow a
normal distribution and hence explicit models are not required. As the k value is
increased there was a decrease in the overall variance but this caused a larger local bias,
i.e. large difference in the predicted and ground value for individual observations. This
explains why the RMSE values start decreasing as the k value increases. Value of k=16
yielded a lowest RMSE value of 1550 Kg/ha. These RMSE values were calculated at a
pixel level. Studies have shown that k-NN based estimates using high resolution data
have high RMSE values at pixel level but accuracy increases if pixel-wise estimates are
aggregated into compartments or larger areas (Tokola et al., 1996; Trotter et al., 1997).
Errors in the field measurements and mis-registration of field plots with respect to image
coordinates, i.e. location errors can also decrease the precision of pixel level estimates.
The kNN neighbor method presumes that the total variation of all the forest variables is
well represented by field sample plots (Tomppo and Halme, 2004). The percentage of
samples per age class for the data set used for this study is shown in Table 4-1. The data
set used for estimating biomass contained relatively few samples in the higher and lower
age classes. This may explain the high RMSE values.
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Table 4-1 Plot Samples per age class
Age class

Sample size (%)

5 – 10
10 – 15
15 – 20
20 – 25

11.35 %
23.79 %
26.50 %
26. 50 %

25 +

11. 74 %

Even though increasing k decreased the RMSE, it also decreased the classification
accuracy for the 3 biomass classes. This can be explained by the fact that as k increases
the overall variance decreases which causes the pixels to be pulled towards the mean
classes, thereby, reducing the accuracy of the extreme classes. The number of training
plots per biomass class is shown in Figure 4-1.
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Figure 4-1 Number of training plots for each AGB class
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For lower values of k, the variance in the data is preserved and from the results it
can be inferred that k=1 retains the full range of variability in the dataset. Hence, if the
goal is to produce an accurate biomass estimate for a given region, k=16 would be
appropriate. Accurate estimates of biomass are needed to calculate the amount of carbon
which can be released to the atmosphere due to deforestation. However if the objective is
to produce a map of biomass to locate the potential reservoirs sinks or sources of carbon,
k=1 may be a better option.
These results show a trade off between the accuracy of the estimation and the
accuracy of producing a map. Compromises are often needed due to the fact that
retaining the variation of field variables in the variables may presume a low value of k,
but minimizing RMSE presumes higher value of k (Lopez et al., 2001). In this study,
after reaching the value of k=8 the RMSE starts stabilizing and k=8 also has a better
prediction accuracy and hence could be used for both map production and to create a
reasonably accurate map.
Although the kNN approach performed better than regression analysis it still had
higher RMSE values. The potential factors that could have limited the accuracy of the
models for this study include inadequate samples in the young and older forests, errors in
extraction of spectral values, and difference in the time the image and the plots were
obtained.

CHAPTER V
CONCLUSION
The purpose of this study was to compare the accuracy and utility of regression
analysis and kNN methodology to estimate biomass. For this study, a Landsat ETM+
image for the year 2003 was used to extract spectral information. All the available bands
of Landsat ETM+, principal component, bands of tassel cap transformation, texture and
NDVI were used as independent variables to predict biomass. The weak correlations of
biomass and the independent variable suggested that spectral information does not
explain much of the variation in biomass. Even though studies have shown that there is a
strong linear relationship between biomass and spectrally derived variables, this study
found that there was a weak relationship between spectral variables and biomass when all
age classes are considered. The relationship between biomass and spectral data should be
examined for different age classes to analyze the variation explained by the spectral data
for different forest age classes. Incorporation of a different set of sensor data which can
provide some structural information of the forest stand along with the spectral data may
also improve the amount of variation in biomass which can be explained using remotely
sensed data
.
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The ability of models developed from regression analysis and kNN methods, to
estimate biomass using spectral data derived from Landsat ETM+ was examined. The
study found that models resulting from multiple linear regressions could not explain
much of the variation present in biomass (i.e. low R2). Furthermore random errors of
these models did not meet the constant variance and normality assumptions of the least
squares regression, making it unrepeatable over different landscapes. Compared to
multiple linear regression method the kNN neighbor performed well in terms of overall
class prediction accuracies and RMSE. The kNN approach resulted in higher class
prediction accuracies and a lower RMSE compared to models developed from regression
analysis and hence is found to be the preferred approach to predict AGB using spectral
data. However, both the models had poor accuracies in predicting AGB for pine forests
using spectral data. The accuracies of both the models could have improved if the
relationships between spectral variables and biomass were developed by age class.
The kNN technique is a conceptually easy technique to implement and since it is a
non-parametric method, it does not require the data to follow a normal distribution. The
kNN neighbor allows the estimate of the dependent variable to adapt to the features of the
dataset making it repeatable over different landscapes. The kNN technique also has the
flexibility of incorporating ancillary information to predict biomass as it does not suffer
from the problems of multi-colinearity. However, care must be taken while choosing the
independent variables as use of variables which are uncorrelated with the dependant
variable can adversely affect the accuracy of the estimates. Hence careful attention must
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be paid to the correlation of the independent variables and biomass because the quality of
estimation depends on that. The prediction error is higher at the pixel level. This is
caused because of errors in the location of plots and measurement errors. To account for
these errors the spectral information for field plots must be extracted on a plot to
neighborhood pixel basis, by calculating a weighted average of the neighborhood pixels.
The choice of the number of neighbors depends on the variation present in the dataset,
sample size and also on the particular goals of the survey.
The kNN method is based on the intuitive assumption that pixels close in spectral
space are potentially similar. Observations for pixels separated by large spectral distances
may be uncorrelated or negatively correlated (McRoberts et al., 2002). When there is a
large variation present in the data set and very few samples are available the spectral
distances between points are larger. In this case large k values may cause uncorrelated or
negatively correlated observations to be included in the kNN estimations, thus adversely
affecting the accuracy of the estimates. To achieve optimal results the dataset should have
enough samples to cover all the variations in biomass.
The choice of k affects the accuracy of estimates and amount of variation
explained by this method. Large k values result in a smoother fit but have large local bias.
With large k value the kNN technique produces biased estimates for pixels corresponding
to extremes of the distribution. Smaller k values have high RMSE values but retain most
of the variation present in the dataset. Thus the choice of k depends on the objective of
the user and the k value should not be repeated for different data sets even if the objective
is the same.
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The kNN neighbor method is very promising for propagating AGB across the
landscape. More research into amount of training data required, maximum distance for
selecting neighbors, selection of independent variables and ways to obtain precise plot
location information could lead to development of kNN models which have higher
accuracy in predicting AGB. In conclusion, compared to parametric methods such as
multiple regression analysis kNN neighbor seems to be a viable, more accurate and
efficient technique to create maps necessary for providing reliable forest resource
information of large areas. These resulting biomass maps and estimates are important for
strategic planning by public and private entities interested in short term carbon
management.
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APPENDIX A
SCATTER PLOTS OF ABOVE GROUND BIOMASS VS. INDEPENDENT
VARIABLES
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Figure 6-1 Above Ground Biomass vs. Green band of Landsat ETM+
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Figure 6-2 Above Ground Biomass vs. Red band of Landsat ETM+
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Figure 6-3 Above Ground Biomass vs. Near-IR band of Landsat ETM+
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Figure 6-4 Above Ground Biomass vs. Mid-IR band of Landsat ETM+
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Figure 6-5 Above Ground Biomass vs. First Principal Component of Landsat ETM+
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Figure 6-6 Above Ground Biomass vs. Second Principal Component of Landsat ETM+
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Figure 6-7 Above Ground Biomass vs. Texture of Green band of Landsat ETM+
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Figure 6-8 Above Ground Biomass vs. Texture of Red band of Landsat ETM+
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Figure 6-9 Above Ground Biomass vs. Texture of NEAR-IR band of Landsat ETM+
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Figure 6-10 Above Ground Biomass vs. Texture of Mid-IR band of Landsat ETM+
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Figure 6-11 Above Ground Biomass vs. NDVI
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Figure 6-12 Above Ground Biomass vs. Brightness band of Tassel Cap Transformation
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Figure 6-13 Above Ground Biomass vs. Greenness band of Tassel Cap Transformation
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Figure 6-14 Above Ground Biomass vs. Wetness band of Tassel Cap Transformation
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Figure 6.-15 Above Ground Biomass vs. Logarithmically Transformed Green band of
Landsat ETM+
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Figure 6-16 Above Ground Biomass vs. Logarithmically Transformed Red band of
Landsat ETM+
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Figure 6-17 Above Ground Biomass vs. Logarithmically Transformed NEAR-IR band
of Landsat ETM+
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Figure 6-18 Above Ground Biomass vs. Logarithmically Transformed Mid-IR band of
Landsat ETM+
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Figure 6-19 Above Ground Biomass vs. Logarithmically Transformed First Principal
Component of Landsat ETM+
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Figure 6-20 Above Ground Biomass vs. Logarithmically Transformed Texture of Green
band of Tassel Cap Transformation
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Figure 6-21 Above Ground Biomass vs. Logarithmically Transformed Texture of Red
band of Landsat ETM+
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Figure 6-22 Above Ground Biomass vs. Logarithmically Transformed Texture of NearIR band of Landsat ETM+
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Figure 6-23 Above Ground Biomass vs. Logarithmically Transformed Texture of MidIR band of Landsat ETM+
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Figure 6-24 Above Ground Biomass vs. Logarithmically Transformed NDVI.
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Figure 6-25 Above Ground Biomass vs. Logarithmically Transformed Brightness band
of Tassel Cap Transformation
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Figure 6-26 Above Ground Biomass vs. Logarithmically Transformed Greenness band
of Tassel Cap Transformation
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Figure 6-27 Above Ground Biomass vs. Logarithmically Transformed Wetness band of
Tassel Cap Transformation

